Abstract: Coastal living reefs provide considerable services from tropical to temperate systems. Threatened by global ocean-climate and local anthropogenic changes, reefs require spatially explicit management at the submeter scale, where socioecological processes occur. Drone surveys have adequately addressed these requirements with red-green-blue (RGB) orthomosaics and digital surface models (DSMs). The use of ancillary spectral bands has the potential to increase the mapping of all reefscapes that emerge during low tide. This research investigates the contribution of the drone-based red edge (RE), near-infrared (NIR), and DSM into the classification accuracy of five main habitats of the largest intertidal biogenic reefs in Europe, built by the honeycomb worm Sabellaria alveolata. Based on photoquadrats and the maximum likelihood algorithm, overall, producer's and user's accuracies were distinctly augmented. When isolated, the DSM provided the highest gain percentage (3.42%), followed by the NIR (2.58%), and RE (2.02%). When joined, the combination of the DSM with both RE and NIR was the best contributor (4.98%), followed by the DSM with RE (4.80%), DSM with NIR (3.74%), and RE with NIR (3.22%). At the class scale, all datasets increasingly advantaged sand, gravel, reef, mud and water. The rather low effect of the DSM with NIR (3.74%) was assumed to be linked with a statistical noise originated from redundant information in the intertidal area.
Introduction
Biogenic reefs consist of marine or coastal hard structures erected by living organisms such as bacteria (cyanobacteria [1] ), plants (rhodophyta [2] ), or animals (annelida [3] , cnidaria [4] ). They provide numerous ecosystem services, such as coastal protection and support for biodiversity, which are of great concerns in the Anthropocene era [5] . Coping with global changes and local pressures, these ecosystem engineers need to be sustainably managed through the evaluation of their ecological status based on spatially explicit observations and models [6] .
Recent advances in spaceborne and airborne imageries have been successful for improving the habitat discrimination within the complex reefscape [7, 8] . The increase in the spatial and spectral resolutions provided by the satellite WorldView-3 has augmented the classification of 10 coral reef classes at 0.3 m spatial resolution based on the 16-band superspectral dataset [9] . However, only five visible spectral bands were appropriate to provide benthic information given the strong light absorption by water from infrared [10] . The green wavelength of the airborne bathymetric Light Detection And Ranging (LiDAR) helped separate the five reef states at 0.5 m point spacing, only based on LiDAR surface and intensity predictors, trained by red-green-blue (RGB) imagery that was acquired from an unmanned aerial vehicle (UAV), called a drone [7] . The emission of electromagnetic radiation (i.e., active remote sensing) in the form of a laser is necessary to penetrate seawater in order In this study, we propose to test the surplus value of a multispectral UAV to classify biogenic reefs at very high resolution (VHR), namely 0.17 m pixel size. The largest European intertidal biogenic reefs, constructed by Sabellaria alveolota (Linnaeus, 1767) and located in the middle of Bay of Mont-Saint-Michel (BMSM, Figure 1) , will embody the case study. The contributions of the DSM, red edge (RE), and NIR bands into this classification accuracy of five common reef classes will be evaluated, separately and jointly. Calibration and validation ground-truth will be used, the classification will result from the maximum likelihood, the classification accuracy, in the form of accuracy percentage (AP), will be quantified by the overall, producer's, and user's accuracies (OA, PA, and UA, respectively) derived from the confusion matrix, and datasets' contributions will be computed by the gain percentage (GP). Even though this experiment supposes that reef drone surveys should be implemented at low tide, it is transferable to most of the reefs, which are subject to tidal regimes. Findings will then be discussed to support the relevance of this methodology to be applied to worldwide reefs.
Materials and Methods

Study Site
Sainte-Anne honeycomb worm reefs are composed of three crescent-like reefs facing the Sea Channel within the BMSM (48 • 38 50 N, 1 • 40 W, Figure 1) . Spanning approximately 2 km 2 , these reefs extend over 1.75 km in length and 1 km in width and top around 2 m height. They lie in the intertidal area, between 2 and 4 m elevation over the chart datum, corresponding to the lowest astronomical tide level [14] . This massive bioconstruction withstands environmental and human constraints, such as changes in sea level, hydrodynamic and sedimentary forcings (siltation [15, 16] ), as well as trampling and destructive shell-fishing [17] . Resulting from complex interactions between animal, plant, and sediment, this construction features three main stages: veneers, hummocks, and platforms [18] . These three theoretical types are hybridized in situ due to intermediate stages, either transitioning to more compact or more fragmented stages (see Table 1 in [8] for illustrations). Reef stage determination is complexified by epibenthic species assemblages (green, brown, red seaweed, aquaculture-disseminated oyster Magallana gigas, mussel Mytilus edulis, and stranded invasive Crepidula fornicata, [19] ). Investigated reefs are surrounded by both calcareous and siliceous gravel, sand, and mud sediments.
Handborne Data
Two sampling on-foot surveys were carried out on 26 June 2017 and 1 August 2019 to collect photoquadrats (0.5 × 0.5 m 2 ). RGB imagery was taken with an Olympus Stylus TG camera (4608 × 3456 pixels). Every photoquadrat was geolocated in the WGS 84 datum using an eTrex ® GNSS receiver, during a spring low tide between UTC 13:00 and 15:00 (1.30 and 1.83 m water levels above the chart datum at UTC 14:51 and 13:13, respectively). Photographs were geometrically standardized by following a procedure detailed in [8] . Analyses were then implemented to quantify the relative abundance of two annelids (S. alveolata and Lanice conchilega), three molluscs (M. gigas, M. edulis and C. fornicata), three categories of seaweed, dead shells, water, and three sediment classes (gravel, sand, and mud). For the sake of classification, only photoquadrats showing more than 80% cover of one variable were selected. Five classes thereafter composed the classification framework dedicated to the reef mapping (Table 1) .
A third fieldwork was deployed on 22 March 2019, during the drone survey, to acquire 11 ground control points (GCPs) dedicated to calibrate and measure the xyz accuracy, by the computation of the root mean square error. Differential correction of GCPs acquired with a Trimble Geo7X DGPS varied from 0.02 to 0.03 m of accuracy (xyz). 
Airborne Data
The drone survey was undertaken on 22 March 2019 (0.28 m water level above the chart datum at UTC 14:27) using a Parrot Sequoia ® multispectral sensor mounted on an eBee+ ® fixed-wing. The drone was set up to fly at 150 m height and to capture a total of 5564 images.
The Sequoia ® sensor, initially designed for agriculture purposes, leverages an RGB camera (4 608 × 3 456 pixels imagery) simultaneously with G (530-570 nm), R (640-680 nm), RE (730-740 nm), and NIR (770-810 nm) distinct bands (1 280 × 960 pixels imageries). Ranked at the professional grade, this multispectral sensor moreover benefits from an irradiance camera allowing the reflectance to be computed for every band:
As a ratio between measured radiance reflected from the reefscape surface and the solar irradiance, the reflectance is unitless and ranges from 0 to 1. Combined with the common RGB imagery (Figure 1 ), the reef classification integrated RE and NIR spectral information.
The Pix4Dmapper ® photogrammetric software was used to create the RE and NIR orthomosaics (Figure 2a and b) and to produce the DSM (Figure 3) for the RGB dataset, on the one hand, and for 
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The Pix4Dmapper ® photogrammetric software was used to create the RE and NIR orthomosaics
The Sequoia ® sensor, initially designed for agriculture purposes, leverages an RGB camera (4608 × 3456 pixels imagery) simultaneously with G (530-570 nm), R (640-680 nm), RE (730-740 nm), and NIR (770-810 nm) distinct bands (1280 × 960 pixels imageries). Ranked at the professional grade, this multispectral sensor moreover benefits from an irradiance camera allowing the reflectance to be computed for every band:
The Pix4Dmapper ® photogrammetric software was used to create the RE and NIR orthomosaics (Figure 2a,b) and to produce the DSM (Figure 3) for the RGB dataset, on the one hand, and for the four other nadir sets, on the other hand. Due to the difference in image dimensions, the number of images and spatial resolution of the RGB and four multispectral datasets reached 1108 images at 0.04 m, and 4 × 1114 images at 0.17 m, respectively. Given the overlapping parameter, the xyz accuracy attained 0.17 (9 GCPs) and 0.62 m (11 GCPs) for the RGB and four multispectral datasets, respectively. the four other nadir sets, on the other hand. Due to the difference in image dimensions, the number of images and spatial resolution of the RGB and four multispectral datasets reached 1 108 images at 0.04 m, and 4 × 1 114 images at 0.17 m, respectively. Given the overlapping parameter, the xyz accuracy attained 0.17 (9 GCPs) and 0.62 m (11 GCPs) for the RGB and four multispectral datasets, respectively. Insofar as the objectives are to evaluate the contributions of the multispectral RE and NIR as well as the DSM bands, the multispectral spatial resolution was adopted to build a multilayer dataset of RGB, RE, NIR, and DSM at 0.17 m pixel size. Based on the GCPs, this main dataset was georeferenced in the national RGF 93 datum (GRS 80 spheroid) projected in Lambert 93 (conformal conic). Insofar as the objectives are to evaluate the contributions of the multispectral RE and NIR as well as the DSM bands, the multispectral spatial resolution was adopted to build a multilayer dataset of RGB, RE, NIR, and DSM at 0.17 m pixel size. Based on the GCPs, this main dataset was georeferenced in the national RGF 93 datum (GRS 80 spheroid) projected in Lambert 93 (conformal conic). 
Classification Analysis
A protocol based on the classification accuracy of various datasets was designed in order to assess the added value of the RE, NIR, and DSM onto RGB. Eight datasets were created: firstly, RGB (as the benchmark), RGB+RE, RGB+NIR, RGB+RE+NIR; secondly, RGB+DSM, RGB+RE+DSM, RGB+NIR+DSM, RGB+RE+NIR+DSM. Ground-truth pixels were derived from the spectral growth of the evenly distributed georeferenced photoquadrats embodying every class (see Figure 1) , until 2000 pixels were attained for each of the five classes. Each dataset was equally split into calibration and validation subsets, each comprising 1 000 pixels. For the sake of transferability, the widespread maximum likelihood (ML) algorithm was used to be trained with calibration subsets. Mapping results of the eight ML classifications were confronted with the validation datasets and gauged with the confusion matrix [20] . Three AP metrics can be extracted: the systemic OA is reckoned by ratioing the total number of correctly classified pixels by the total number of validation pixels, while the specific PA and UA are computed by ratioing the number of correctly classified pixels in each class by the total number of pixels in the corresponding column and row, respectively. From these three metrics, the datasets' contribution has been calculated in the form of GP.
Results
Systemic Contributions of the DSM, RE, and NIR
Even if the intertidal reef mapping was satisfactory with VHR (0.17 m) RGB drone ( Table 2 showing the APs), the classification was shown to be improved by the spatial DSM derived from photogrammetry and multispectral information linked with both RE and NIR imageries. 
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A protocol based on the classification accuracy of various datasets was designed in order to assess the added value of the RE, NIR, and DSM onto RGB. Eight datasets were created: firstly, RGB (as the benchmark), RGB+RE, RGB+NIR, RGB+RE+NIR; secondly, RGB+DSM, RGB+RE+DSM, RGB+NIR+DSM, RGB+RE+NIR+DSM. Ground-truth pixels were derived from the spectral growth of the evenly distributed georeferenced photoquadrats embodying every class (see Figure 1) , until 2000 pixels were attained for each of the five classes. Each dataset was equally split into calibration and validation subsets, each comprising 1000 pixels. For the sake of transferability, the widespread maximum likelihood (ML) algorithm was used to be trained with calibration subsets. Mapping results of the eight ML classifications were confronted with the validation datasets and gauged with the confusion matrix [20] . Three AP metrics can be extracted: the systemic OA is reckoned by ratioing the total number of correctly classified pixels by the total number of validation pixels, while the specific PA and UA are computed by ratioing the number of correctly classified pixels in each class by the total number of pixels in the corresponding column and row, respectively. From these three metrics, the datasets' contribution has been calculated in the form of GP.
Results
Systemic Contributions of the DSM, RE, and NIR
Even if the intertidal reef mapping was satisfactory with VHR (0.17 m) RGB drone ( Table 2 showing the APs), the classification was shown to be improved by the spatial DSM derived from photogrammetry and multispectral information linked with both RE and NIR imageries.
the DSM (Figure 4e ) drastically augmented the primary RGB classification (3.42%), becoming the best single contributor. The NIR (Figure 4c ) and the RE (Figure 4b ) both gradually increased the RGB classification by 2.58% and 2.02%, respectively (Table 2 ). When combined, the best combination increasing the standard RGB classification was the full dataset DSM+RE+NIR (4.98%, Figure 4h) , followed by the DSM+RE dataset (4.80%, Figure 4f) , the DSM+NIR dataset (3.74%, Figure 4g) , and finally the spectral couple RE+NIR (3.22%, Figure 4d ). Contributions (in the form of GPs) were described when variables were isolated, on the one hand, and combined, on the other hand, in order to discriminate the inherent effect. Taken separately, the DSM (Figure 4e ) drastically augmented the primary RGB classification (3.42%), becoming the best single contributor. The NIR (Figure 4c ) and the RE (Figure 4b ) both gradually increased the RGB classification by 2.58% and 2.02%, respectively (Table 2) . When combined, the best combination increasing the standard RGB classification was the full dataset DSM+RE+NIR (4.98%, Figure 4h) , followed by the DSM+RE dataset (4.80%, Figure 4f ), the DSM+NIR dataset (3.74%, Figure 4g) , and finally the spectral couple RE+NIR (3.22%, Figure 4d ). 
Specific Contributions of the DSM, RE, and NIR
The contributions (in the form of GPs) of the spatial DSM and spectral RE and NIR were also investigated at the class level ( Figure 5 ). 
The contributions (in the form of GPs) of the spatial DSM and spectral RE and NIR were also investigated at the class level ( Figure 5 ). Figure 5 . Lineplots of the producer accuracies (PAs) and UAs stemming from the ML classifications of the RGB deprived of (a and b, respectively) and provided with (c and d, respectively) the DSM, both series enriched with isolated and joint RE and NIR spectral bands.
Prior to detailing the effects of DSM, RE, and NIR on the PA and UA of the five classes, gains and losses drawn from average PA+UA were examined to retrieve trends at the class scale. The highest contribution, associated with the full dataset DSM+RE+NIR, increasingly favored sand (0.37%), gravel (0.63%), reef (4.97%), mud (6.79%), and water (10.85%) (Figure 5c,d) . The effects of both isolated RE and NIR acted on the same sorting of the five classes: sand (−0.70 and 0.29%, respectively), gravel (-1.35 and 0.15%, respectively), reef (-0.13 and 0.57%, respectively), mud (6.07 and 6.21%, respectively) and water (5.84 and 6.02%, respectively) (Figure 5a,b) . This ranking remained constant across the combinations: from the best DSM+RE+NIR, to the lowest RE+NIR, through the DSM+RE and DSM+NIR.
From the viewpoint of the map maker (PA), gravel, reef, sand, mud, and water average classifications were increasingly higher without DSM (Figure 5a ), while gravel, sand, reef, mud, and water mean classifications gradually waxed with DSM (Figure 5c ). From the viewpoint of the map user (UA), sand, reef, gravel, water, and mud average classifications progressively climbed without DSM (Figure 5b ), while sand, gravel, reef, mud, and water were increasingly classified (Figure 5d ).
Without DSM, RE increasingly contributed to improve the PA of reef (0.58%), sand (0.63%), mud (5.29%), and water (5.91%), but declined the PA of gravel (−2.66%), while increasing the UA of water (5.76%) and mud (6.84%), but decreasing the UA of gravel (−0.05%), reef (−0.85%), and sand (−2.03%). NIR boosted the PA of reef (0.06%), sand (2.04%), mud (5.23%), and water (6.05%), but reduced the PA of gravel (-0.03%), while augmenting the UA of gravel (0.32%), reef (1.09%), water (6.00%), and Figure 5 . Lineplots of the producer accuracies (PAs) and UAs stemming from the ML classifications of the RGB deprived of (a and b, respectively) and provided with (c and d, respectively) the DSM, both series enriched with isolated and joint RE and NIR spectral bands.
Prior to detailing the effects of DSM, RE, and NIR on the PA and UA of the five classes, gains and losses drawn from average PA+UA were examined to retrieve trends at the class scale. The highest contribution, associated with the full dataset DSM+RE+NIR, increasingly favored sand (0.37%), gravel (0.63%), reef (4.97%), mud (6.79%), and water (10.85%) (Figure 5c,d) . The effects of both isolated RE and NIR acted on the same sorting of the five classes: sand (−0.70 and 0.29%, respectively), gravel (−1.35 and 0.15%, respectively), reef (−0.13 and 0.57%, respectively), mud (6.07 and 6.21%, respectively) and water (5.84 and 6.02%, respectively) (Figure 5a,b) . This ranking remained constant across the combinations: from the best DSM+RE+NIR, to the lowest RE+NIR, through the DSM+RE and DSM+NIR.
Without DSM, RE increasingly contributed to improve the PA of reef (0.58%), sand (0.63%), mud (5.29%), and water (5.91%), but declined the PA of gravel (−2.66%), while increasing the UA of water Drones 2019, 3, 67 9 of 12 (5.76%) and mud (6.84%), but decreasing the UA of gravel (−0.05%), reef (−0.85%), and sand (−2.03%). NIR boosted the PA of reef (0.06%), sand (2.04%), mud (5.23%), and water (6.05%), but reduced the PA of gravel (-0.03%), while augmenting the UA of gravel (0.32%), reef (1.09%), water (6.00%), and mud (7.18%), but diminishing the UA of sand (−1.47%). The joint effect of RE and NIR enhanced the PA of gravel (0.43%), reef (1.93%), sand (2.76%), water (5.95%), mud (5.96%), the UA of reef (0.13%), gravel (3.24%), water (7.49%), and mud (8.09%), but negatively impacted the UA of sand (−0.54%).
With DSM, RE all enhanced the PA of gravel (0.21%), sand (0.30%), reef (4.67%), mud (6.32%), water (11.10%), the UA of sand (0.39%), gravel (1.11%), reef (3.88%), mud (6.90%), and water (10.14%). NIR augmented the PA of reef (0.75%), sand (0.89%), mud (5.30%), water (6.89%), the UA of gravel (0.58%), water (6.01%), and mud (7.96%), while waning the PA of gravel (−0.76%), the UA of reef (−0.09%), and sand (−0.54%). The combined RE and NIR ameliorated the PA of gravel (0.28%), sand (0.84%), reef (5.59%), mud (6.65%), water (11.04%), the UA of gravel (0.99%), reef (4.34%), mud (6.93%), and water (10.65%), but declined the UA of sand (−0.09%).
Discussion
Influence of the Spatial DSM
The DSM effect on the RGB reefscape classification ( Figure 6 ) was greater than the contribution of the combined RE and NIR spectral bands. The information related to the elevation and height of reefscape features was therefore more profitable to the classification accuracy than the biophysical properties provided by RE and NIR, namely water content and pigments of these features [10] . Topography is indeed well recognized to be a proximal factor to explain habitat patterns in the intertidal zone [21] , given its strong correlation with hydrodynamic, light, and temperature exposure that shape the ecological niches. The ascending contributions of the DSM targeted sand, gravel, reef, mud, and water. The DSM brought insights into the classification of the water and mud classes, which are the topographically-lowest habitats, then the reef class, which is the topographically-highest habitat.
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Influence of the Spectral RE and NIR
At the reefscape scale, the best spectral contribution, deprived of and provided with the DSM, to the RGB classification was attributed to the joint use of RE and NIR. However, the discrimination derived from the combination of the DSM+RE greatly surpassed this of the DSM+NIR dataset (sooner discussed in Section 4.1).
At the class scale, the strong performance of RE+NIR, when deprived of DSM, was easily highlighted by the high gain in both the PA and UA of mud and water classes. The detection of these two classes is directly associated with the water content, which shows a significant signature into the RE and NIR bands [10] . These spectral windows enabled to discriminate mud from water, which were confounded over the natural-colored imagery (Figure 7a ), while obviously separable over the NIR imagery (Figure 7b ). Of special interest was the gain in both the PA and UA of the reef class. Colonized by sessile oysters, mussels, and, importantly, fleshy seaweed, honeycomb worm reefs might have benefited from the added value of the RE and NIR sensitive, among others, to the chlorophyll pigments [8, 23] . Ambivalent contributions of the RE and NIR were found out for the PA and UA of sand and gravel classes, either a positive effect of both RE and NIR for the PA of sand concomitantly with a negative effect for the PA of gravel or the opposite for the UA. Misclassifications of these two sediment classes could be due to two factors: (1) the coarse grain-size making the water content rapidly invisible to the RE and NIR bands at low tide; (2) the potential confusion of these classes, especially the sand, with the reef class, insofar as the worm tubes of the reefs are composed of the same grain-size, despite worm preferences for calcareous versus siliceous materials [24] . A further analysis of the confusion matrices with a careful attention on the sand and reef pixels could unveil this discrepancy. classification of these two sediment classes. Noteworthy were the differences in average PA and UA gains/losses between the DSM+RE and DSM+NIR: mud (−0.02%), sand (0.16%), gravel (0.75%), reef (3.94%), and water (4.17%). The classification-eroding statistical noise likely to occur for the bottom water and top reef did not considerably play with intermediate gravel, sand, and mud. This finding could be explained by the topographically-median niche occupied by the sediment classes, deprived of the DSM+NIR redundant information. This research hypothesis will be deciphered by statistically testing the difference in average elevation and height of each of the five classes [22] .
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Conclusions
Intertidal bioconstructions of the honeycomb worm reefs were surveyed by a 150 m-height fixed-wings (eBee+ ® ) provided with a multispectral sensor (Parrot Sequoia ® ). The RGB classification 
Intertidal bioconstructions of the honeycomb worm reefs were surveyed by a 150 m-height fixed-wings (eBee+ ® ) provided with a multispectral sensor (Parrot Sequoia ® ). The RGB classification accuracy of the reefscape, examined as a mosaic of five habitats, was improved by the DSM, RE, and NIR information, both separately and jointly.
Separately, the highest overall GP stemmed from the spatial asset DSM (3.42%) derived from the photogrammetric approach, while the best spectral performance was ensured by the NIR spectral band (2.58%), followed by the RE (2.02%). At the class scale, the three DSM, NIR, and RE datasets coincidentally and increasingly advantaged sand, gravel, reef, mud, and water.
Synergistically, the best overall GP relied on the combination of the full dataset (DSM+RE+NIR, 4.98%), followed by the DSM with RE (4.80%), the DSM with NIR (3.74%), and the spectral couple RE with NIR (3.22%). These efficient datasets also profited the same ascending sorting at the class level: sand, gravel, reef, mud, and water. The joint effect of the DSM and NIR produced an overall low gain, compared to the DSM with RE, what was hypothesized to be associated with a statistical noise originated from redundant information in the intertidal area.
As short-term perspectives, the habitat classification will be very likely refined by the integration of spatially-and spectrally-derived products (such as runoff, topographic position index, rugosity index, normalized difference vegetation index, normalized difference water index, etc.) into an object-based image analysis [25] . 
